Abstract-This paper proposes an adaptive window-setting scheme for noninvasive detection and segmentation of bladder tumor surface in T 1 -weighted magnetic resonance (MR) images. The inner border of the bladder wall is first covered by a group of ball-shaped detecting windows with different radii. By extracting the candidate tumor windows and excluding the false positive (FP) candidates, the entire bladder tumor surface is detected and segmented by the remaining windows. Different from previous bladder tumor detection methods that are mostly focusing on the existence of a tumor, this paper emphasizes segmenting the entire tumor surface in addition to detecting the presence of the tumor. The presented scheme was validated by ten clinical T 1 -weighted MR image datasets (five volunteers and five patients). The bladder tumor surfaces and the normal bladder wall inner borders in the ten datasets were covered by 223 and 10 491 windows, respectively. Such a large number of the detecting windows makes the validation statistically meaningful. In the FP reduction step, the best feature combination was obtained by using receiver operating characteristics or ROC analysis. The validation results demonstrated the potential of this presented scheme in segmenting the entire tumor surface with high sensitivity and low FP rate. This study inherits our previous results of automatic segmentation of the bladder wall and will be an important element in our MR-based virtual cystoscopy or MR cystography system. Index Terms-Adaptive window setting, bladder tumor surface segmentation, computer-aided detection and diagnosis (CAD).
I. INTRODUCTION
W ITH the progress of medical imaging and computer technologies, much research effort has been devoted to develop methods for task-specific imaging and computer-aided detection and diagnosis (CAD). This research effort has resulted in some efficient ways for detecting organ-specific abnormalities in a noninvasive or minimal invasive manner with some quantitative capability. The detection and classification of lung nodules [1] and colon polyps [2] , [3] are two examples. Recently, the detection of bladder abnormality and classification of bladder tumor invasion depth [4] , [5] have attracted more attention.
The statistics have shown that the chance of a man suffering from bladder cancer is about 1 in 27 while for women it is about 1 in 85. According to the survey of American Cancer Society, the bladder cancer becomes the fifth leading cause of cancer deaths in the United States due to its rapid increase (as high as 36% within a decade) [6] - [10] . The 5-year relative survival rate (the 5-year survival rate refers to the percentage of patients who live at least 5 years after their cancer is found and the 5-year relative survival rate assumes that patients will die of other causes as well.) of patients whose cancer is found in the third or fourth stage is below 50% [11] . In addition, the bladder tumor is reported to have high recurrence rate after resection (as high as 80%) [7] . Therefore, early detection and re-examination in the recovery stage of the bladder abnormalities via noninvasive methods are crucial for treatment of bladder carcinoma.
Fiberoptic cystoscopy that can accurately evaluate the bladder abnormalities is now the most popular diagnosis method. This method is performed, when the patient is placed in a lithotomy position, by inserting an endoscope through the urethra into the bladder. It was reported with a sensitivity of approximately 87% and specificity of around 95% [7] , [12] . However, it is invasive, expensive, and time consuming, bringing great pain to the patients and increasing the risk of urinary tract infection and bleeding [13] - [15] .
Nowadays, the development of medical imaging technologies has provided potential alternatives to the fiberoptic cystoscopy, such as virtual cystoscopy (VCys). The computed tomography (CT) and magnetic resonance imaging (MRI) are the mostly used imaging modalities for VCys [16] , [17] . Preliminary results showed that there is no statistically significant difference between MR and CT cystography for detecting tumors by experts (sensitivity of 88.9% for tumors less than 10 mm and 100% for tumors equal or greater than 10 mm) [18] - [20] . The CT image can provide contrast for pathological changes of the mucous membrane (not less than 2 mm) [21] . Although the aforementioned computerized VCys results cannot be used as the final decision, they provide valuable reference assisting the doctor for clinical assessment. In both CT and MR bladder images, it is expected that the morphology and texture features extracted from bladder tumor and normal bladder wall are distinguishable from each other. Comparing with the CT imaging modality, the MRI is preferred because it is noninvasive, without ionization radiation, and provides better soft tissue contrast with structural, functional, and pathological information. Therefore, MRI makes it possible to perform more delicate analyses, such as digging out the tumor region and staging the tumor growth. For example, the T 1 -weighted MR images provide better contrast for the bladder wall that is crucial for bladder abnormality detection [19] . According to previous reports, features on the bladder wall, such as curvedness CV, shape index SI, and the bladder wall thickness [14] , [15] , [22] - [24] are useful for detecting bladder tumors. For example, the sensitivity of bladder tumor detection by using the wall thickness as the individual parameter reached 83%-89% [15] . Wu, et al. [5] found some texture features from T 2 -weighted MR images are able to distinguish bladder tumor from normal bladder wall. They also showed some results of staging the tumor growth based on the detection results. The bladder and detected abnormalities are displayed to the experts by using computer graphic techniques, which have two basic components of 1) constructing a 3-D bladder model and 2) displaying some features of a possible tumor on the 3-D model [23] - [25] . All the techniques mentioned earlier only indicate the existence of the bladder tumors instead of giving the tumor region clearly.
Comparing with the studies discussed earlier, which only detect the existence of bladder tumors, this study emphasizes the delineation of the entire tumor surface by an automatic fashion. In other words, the former focuses on the detection of the presence of a tumor while the latter emphasizes on the segmentation of the extent of a tumor. Our preliminary research [26] proved that by using the detected portion of the tumor surface as initial, we can trace inward and dig out the tumor portion buried inside the bladder wall. Digging out the whole tumor surface is valuable for measuring the tumor size, tumor stage, and invasion level. The associated image processing techniques can capture and render tumor features that are unobservable to the experts on the images. So far, no reports have given satisfied results for tumor surface segmentation. Our previous study [26] only roughly outlined a portion of the tumor surface by using geometry features. This paper introduces a method that focuses on the segmentation of the entire tumor surface. By combining the work in this paper and in [26] , it is possible to dig out the integrated tumor region with a portion protruding from the bladder wall and the other portion being inside the wall. The method is based on an adaptive window-setting scheme, uses T 1 -weighted MR images, and assumes that the geometry, texture, wall thickness and regional statistics extracted from the bladder tumor and normal bladder wall are distinguishable.
The remainder of this paper is organized as follows. Section II illustrates the flowchart of the proposed tumor surface segmentation. Section III briefly reviews our previous bladder wall segmentation strategy [27] . Section IV describes how the window radius is determined and how the windows are arranged on the segmented inner border of the bladder wall. The candidate window selection and false positive (FP) window reduction are introduced in Section V. Section VI reports the results and presents some discussions, followed by conclusions in Section VII.
II. OVERVIEW
The flowchart of the tumor surface segmentation is shown in Fig. 1 . First, the inner and outer borders of the bladder wall in a T 1 -weighted MR image volume were segmented by using the coupled level set framework (see Section III). Windows were aligned in such a way that their centers are on the segmented inner border of the bladder wall. The window radius was adaptive to the geometry condition of the inner border in order to guarantee each window contains no more than one structure (see Section IV). The SI and weighted bladder wall thickness WT were extracted from each window. The candidate windows that are likely to include tumor image voxels were picked out by using predefined thresholds on the SI and WT. More features about the geometries, textures, and regional statistics were extracted from the candidate windows and used to construct the feature spaces. The best-performed feature combination was obtained by receiver operating characteristics (ROC) analysis to reduce the FPs in the candidate windows. The final tumor windows were determined by applying the discriminant analysis in the feature space (see Section V).
III. REVIEW OF THE BLADDER WALL SEGMENTATION
This section briefly reviews the coupled level set method for bladder wall segmentation. The coupled level set method was described in detail in our previous work [27] . The segmentation was automatically performed on the clinical MR images and the precision was proved by the radiologists. The level set functions used in the segmentation were also used in the following procedures. The MRI procedure is noninvasive by using the urine as the endogenous contrast agent. As shown in Fig. 2 , the T 1 -weighted MR image provides better bladder wall contrast than the T 2 -weighted MR image due to the decreased urine intensity. In addition, the partial volume effect in the T 1 -weighted image goes from wall toward the lumen and is less visible, while in the T 2 -weighted image it goes from lumen into the wall and can "swallow" small abnormal growth on the inner border. Therefore, the segmentation was performed on the T 1 -weighted MR images [27] - [29] . Before segmentation, a linear interpolation procedure was performed, due to the different intra-and interslice resolutions. The intensity value of each interpolated voxel is the linear combination of its six-connection neighborhood.
The level set method was first proposed by Osher and Sethian as a geometric deformable model to implicitly describe evolving surfaces (or a curve in 2-D case) [30] . In [27] , the work [30] was adapted for a coupled level set approach to segment the bladder wall borders automatically. The inner and outer borders were segmented simultaneously by using φ 1 and φ 2 , where φ 1 and φ 2 are the inner level set function (ILSF) and outer level set function (OLSF), respectively. The inner and outer borders are represented by the zero level set surfaces (ZLSSs) of the ILSF and OLSF.
First, the ZLSS of the ILSF φ 1 was initialized as a ball-shaped region inside the bladder lumen. The inner border of the bladder wall was segmented by a modified version from the original C-V model [31] . Then, φ 2 evolved several steps outward from φ 1 to estimate the location of the outer border. Generally, the outer border of the bladder wall has similar global shape as the inner border except there is a big tumor. The geometry property of φ 1 provides global prior information for initializing and evolving φ 2 . Since the intensity contrast between the bladder wall and the tissues outside the bladder wall is relatively poor and the intensity distribution of the surrounding tissues is complex, the geometry information from the ILSF is necessary for the outer border segmentation. After the inner and outer borders of the bladder wall were roughly estimated, a regional adaptive clustering algorithm [27] was applied to further evolve the two level set functions iteratively. The evolution stopped when a predefined energy is minimized. Fig. 3 shows an example of the segmentation result. The yellow curves are the segmented borders (represented by the ZLSSs of φ 1 and φ 2 throughout the whole procedure) in this slice. More results from the coupled level set framework are reported in [27] . 
IV. ADAPTIVE WINDOW-SETTING SCHEME

A. Window Design and Arrangement
Instead of performing voxel by voxel detection, detecting windows were designed, which were arranged throughout the segmented inner border. This idea is based on the ground truth that the bladder tumor emerges first on the mucosa layer (close to the inner border of the bladder wall), and then invades gradually inside the muscle layer. Therefore, the regions around the bladder wall inner border provide useful information for tumor detection. The centers of the detecting windows were aligned with the inner border. To make the window features invariant to rotation, the detecting windows are ball shaped. The windows overlapped to each other to guarantee the inner border is totally covered. The window size was determined by the ball radius that varies at different locations. The windows together constructed a band-shaped region around the inner border. The possible tumor surface were finally detected and also covered by a group of windows. Fig. 4 (a) shows an example of the window arrangement. Generally, the two adjacent windows overlap each other by putting one window's center on the other window's border. Fig. 4 (b) takes the bladder wall thickness as an example to show how the features are extracted from the windows. The blue curves are the bladder wall borders. The shadow between the two curves represents the bladder wall/tumor region. The numbers are the OLSF values, and are also the distance from the voxels to the outer border. If a voxel is on the inner border, the corresponding number indicates the wall thickness at this voxel. The OLSF values were recorded in float. We converted them to integer for illustration purpose in Fig. 4(b) . Suppose the upper and the lower windows lie on the bladder tumor (the protrusion) and normal bladder wall, respectively, then the wall thicknesses at the window central voxels would be 6.0 and 5.0, respectively. The mean wall thicknesses would be 6.5 and 5.0, which were computed by averaging all numbers inside the windows. Therefore, the central voxel thickness and the mean thickness both have the potential of distinguishing these two windows.
B. Window Radius Determination
All the features used for tumor candidate detection and FP reduction were captured from the windows, which are the basic elements for tumor surface segmentation. If a window is detected as a tumor window, then the region inside the window is considered as tumor region. Therefore, the window size should be properly set. We used "structure" to denote a continuous region on the bladder wall. One structure should include only one tissue type, and this guarantees the inner geometry/intensity property varies smoothly. The tumor and the bladder wall are different structures. Furthermore, the region including the same tissue but with prominent geometry variations also belongs to different structures. If a window includes more than one structure, the window radius should be reduced. Fig. 5 shows an example that two structures are inside one window.
The red cross A is at the window center, B and C are voxels within the same window. A is on the tumor while B and C are on the bladder wall. The gap between A and B/C is the bladder lumen. The current window radius should be reduced to exclude B and C as well as all other voxels on the bladder wall. Then, the features extracted from this window represent the bladder tumor, as the same the features from the window central voxel. On the other hand, even if voxels A, B, and C are of the same tissue type, they also belong to different structures due to their discontinuous geometry properties, such as the intensity gradient. Therefore, the voxels B and C should be excluded from this window as well. Generally, the window radius would be set to include enough voxels from the same structure to guarantee the features that are statistically reliable, while excluding as much as possible the unconcerned structure voxels. In other words, a bigger window would likely include unrelated structures inside, while a smaller window could be more vulnerable to the image noise. A simulative bladder tumor image and the adaptive window radius selection scheme are depicted in Fig. 6 .
As shown in Fig. 6 , the protrusion represents the emerging tumor. I, J, and K are three voxels on and inside the inner border. The red circle is the boundary of a 3-D window on this slice. As mentioned earlier, the inner border of the bladder wall was obtained by the ILSF that has the form of distance function [27] . The numbers in Fig. 6(a) are the distance from an arbitrary voxel to the nearest voxel on the inner border. The black arrows indicate the gradient directions at the three voxels. A possible condition is shown by Fig. 6 (a) that a window locates at the foot of a tumor. J is a voxel on the normal bladder wall and K lies on the other side of the tumor. Since J and I are on different tissues (wall and tumor) and I is the window center, then voxel J should be excluded from this window. In other words, the window shall represent the tumor surface that the voxel I belongs to. The voxel K should also be excluded from the window. If K is included, not only the tumor surface, but also the bladder wall and the central part of the tumor would contribute to the window features. More specifically, as mentioned earlier, the bladder tumor emerges on the inner border and then invades toward the muscle layer. The texture features inside the tumor are considered to be different layer by layer. Suppose both I and K are inside one window, then delicate texture variation among layers would be diminished.
To distinguish the voxels belonging to different structures, the gradient of the distance function was used. As shown in Fig. 6(a) , the gradient direction at J and K are distinctly different from that at voxel I. Suppose the angle between the gradient directions at center voxel I and another voxel J is angle (I,J),
If L = 1, then I and J are considered to be in the same structure, otherwise J is excluded. Let the voxels with L = 1 be the effective voxels. If the number of effective voxels is too small with respect to the total voxel number in one window (smaller than a predefined ratio r e ), it means the window is close to the boundary of two adjacent structures and a smaller window is needed. Fig. 6(b) gives an example to depict this concept. The windows cover the inner border one by one. The bigger windows are aligned with the smoother border sections such as the normal bladder wall, while the small windows are located on the region with mixed structures, such as the tumor foots. Since the windows overlap each other, the overlapped regions are considered as the tumor if it is covered by at least one tumor window. Fig. 7 illustrates the flowchart of the window radius determination procedure. The windows should cover the whole region of the bladder wall inner border. The procedure includes: 1) an initial and stop window radii were defined as R i and R s . 2) A new window was created on the inner border, and this window radius was set to be R = R i .
3) The labeling function L was renewed for all voxels inside the window. If the effective to total voxel ratio was smaller than the predefined r e , then the window size was decreased by set R = R − 2. 4) If the effective to total voxel ratio was bigger than the predefined r e or the stop radius R s was reached, then the window radius R was obtained. Otherwise, the operation went back to step (3). 5) Features were extracted from the window. 6) The operation went back to step (2) . The center of the new window was set on the border of the current window. The aforementioned iteration procedure stopped until the windows cover the whole inner border. The values of θ 0 and r e were selected by experiments. Both θ 0 and r e work together to exclude as much as possible the unconcerned structures, and guarantee a window has a similar scale as the structure inside. Therefore, the window radii distribution depends on the θ 0 and r e values. With the given θ 0 and r e values, R i should be set larger than most of the window radii. More discussion on the values of θ 0 , r e , R i , and R s will be given in Section VI.
V. CANDIDATE DETECTION AND FALSE POSITIVE REDUCTION
A. Tumor Candidate Detection
Previous work proved that bladder wall thickening is an evidence of existence of bladder tumor [14] , [15] , [21] , [23] , [24] . And it is widely accepted that the bladder tumor appears as protrusions on the inner border of the bladder wall. By assuming that a surface is defined by an isocontour (the isointensity surface), the geometry-related features such as the gradient and the SI can be computed directly from the partial derivatives of the 3-D image intensity functions (the image data) [32] . These features are good indicators of the protrusions on the inner border. We had used the SI for colon polyp detection [33] and obtained encouraging results. The partial derivatives of the 3-D image are defined as follows:
where o 0 , o 1 , and o 2 are the smooth, first, and second derivative operators, respectively. The value of α controls the smoothing degree and should be specified in advance. We set α =1.0 throughout our experimental work. The normalization coefficients c 0 to c 3 are determined by
2 o 2 (x)dx = 1. In our case, the operating domain was inside the window. Given the image function I = I(x), the smoothed partial derivatives of I at voxel x = (x,y,z) are calculated by
The principal curvatures at voxel x are represented by κ 1 (x) and κ 2 (x). The formulations of κ 1 (x) and κ 2 (x) can be found in [32] , which are based on the operators in (2) and (3). Furthermore, the SI is computed by using κ 1 (x) and κ 2 (x) according to
When the SI value is ranging from 0.0 to 1.0, the surface shape varies from cup, rub, saddle, ridge, to cap. Generally, the bladder tumor region is rut shaped at the tumor foot and cap shaped at the central part of tumor surface, with the SI value close to 0.0 and 1.0, respectively. The bladder wall thickness was also obtained by using the windows. Let T be the thickness value at a voxel in the window, which is measured by the OLSF φ 2 as mentioned earlier. Therefore, we have T = φ 2 (x) at voxel x. Within a window, a weighted thickness WT and normalized weighted thickness NWT were obtained by
where Ω is the image domain inside the window. The labeling function L was defined in (1). WT = mean (WT) is the mean WT value of all windows of the current dataset. Since the bladder wall is thinner when the bladder is full of urine than empty, the WT value at the same place varies according to the bladder status. Therefore, the NWT of each data was used instead of the WT. So far, two features-the SI and NWT-have been computed from each window. Based on these two features, a group of predefined thresholds were used to pick out the candidate windows as listed in Table III . The windows with corresponding values between the maximum and minimum thresholds were selected as the candidate windows.
B. Volumetric Features for False Positive Reduction
As described earlier, a group of predefined thresholds of the SI and NWT features were used to select candidates in order to guarantee all the tumor windows are picked up. In consequence, the candidates may include FP windows. Various reasons, such as the extrusion of the prostate, may lead to the geometry changes of the bladder wall and produce the FP windows. Therefore, FP reduction is necessary. Additional features, especially texture information from the windows, which can reflect the differences between the FP windows and the true tumor windows, are needed. Comparing with the CT images, the MR images provide more delicate textural information for the soft tissue such as the bladder wall and the tumor. Furthermore, considering the fact that the tumor invades gradually from the mucosa layer toward the muscle layer, the feature variation among layers should be able to distinguish the tumor surface from the normal bladder wall inner border. Therefore, in addition to the SI and the NWT, other two groups of features were considered. One is the window statistics, and the other one is the layer-based features. These two groups of features were generated from three voxel-based raw features, which are the intensity value I, intensity gradient G I , and distance function gradient G φ . Let w i represent the ith candidate window, |w i | be the number of voxels in the window, and f j (j = 1, 2, 3) represent I, G I and G φ together, where the gradient values G I and G φ were generated from the first order neighborhood, G φ was the gradient value of the ILSF φ 1 (x), and f j of each voxel was computed in advance. Seven window statistics for each raw feature f j in window w i are computed as follows:
where μ ij and σ ij are the mean and standard deviation of f j in w i , min w i , f j and max w i , f j are the minimum and maximum f j values in w i . Other statistics were calculated by using μ ij , σ ij , min w i , f j , max w i , f j , f j and |w i |. The layer-based features were computed by using the ILSF φ 1 . While the OLSF φ 2 represents the bladder wall thickness, φ 1 divides one window into several layers. As shown in Fig. 6(a) , the layer with index l (an integer) includes voxel x, where l (x) − 0.5 ≤ φ 1 (x) < l (x) + 0.5. For example, l (x) = − 1 includes those voxels x where −1.5 ≤ φ 1 (x) < −0.5, and l (x) =0 includes those voxels x where −0.5 ≤ φ 1 (x) < 0.5. The layer-based features were computed by
where o 1 was defined in (2) as the first derivative operator. By using l (x) instead of x as the variable, (7) is 1-D derivative, which reflects the feature variation among layers. For each raw feature j, seven statistics plus one layer-based features were computed, which means totally 24 features were generated from the three raw features. Together with the SI and NWT, there are totally 26 features extracted from each window.
C. Segmentation of the Entire Tumor Surface
In this section, the description goes to the reduction in FPs and the use of the final windows to construct the tumor surface regions. As mentioned in the last section, 26 features from window i have been extracted and will be used to perform the discrimination. These features construct a 26-D feature vector
The quadratic discriminant analysis (QDA) [34] was used to classify the windows as either true positive (TP) or FP. The windows were separated into two groups, the training group and the testing group. The tumor regions were labeled by experts in advance, i.e., each voxel was labeled as either normal bladder wall or tumor. The window type in the training group is the same as its central voxel. The candidate windows with the central voxel labeled "tumor" are the TP while the windows with the central voxel labeled "wall" are the FP. The mean and covariance matrices of the TP (μ TP , TP ) and FP (μ FP , FP ) samples in the training group were computed.
In the testing group, a feature vector F i was extracted from window i. The quadratic discriminant function was applied to classify TPs and FPs and has the form of
The decision boundary is a hyperquadratic surface in the feature space where g (x) = t. The final decision is based on which side the feature vector is located in the feature space. The discriminant is given by
where t is a predefined constant. It is noted that the datasets generated a large amount of detecting windows. Each dataset could result in far more than one feature vector. Furthermore, a tumor could be covered by several detecting windows. Therefore, a large amount of abnormal windows were generated for training from a relatively small number of patients' datasets. 
VI. RESULTS AND DISCUSSION
A. Data Acquisition
Ten T 1 -weighted MR image datasets, five patients and five volunteers, were used to test the segmentation method presented earlier. All subjects were asked to empty the bladder and drink a cup of water about a half hour prior to the scanning so that the bladder was full of the urine when scanning started. The whole imaging procedure is noninvasive. The image data were acquired in DICOM format by using a clinic whole body 3.0-T scanner. The original DICOM datasets were reformed to self-defined raw volumes with the subjects' private information being removed. Considering the anisotropic resolution of the images, a linear interpolation was performed. Then, the coupled level set framework was applied to segment the inner and outer borders of the bladder wall automatically. The patients' datasets were inspected by experts, and the tumors were labeled manually in advance by the experts for comparison and evaluation purposes. Table I lists the scanning protocols, the repetition time and the echo time for acquiring the ten datasets.
B. Window Arrangement
Although we have limited number of datasets, the amount of detecting windows is large enough for training and testing. The final results were given by the remaining windows. Table II lists the window numbers from the ten datasets at each step. The upper two rows show the numbers of the total wall and tumor windows. The middle two rows show the numbers of the candidate windows. The lower two rows are the numbers of the windows finally detected on the tumor surfaces after QDA. In this case, the decision boundary of QDA was chosen to include all TP windows, indicating that 100% tumor surface is covered. The FP window numbers are also listed in the table.
To generate the windows (listed in the upper or first two rows in Table II) , the predefined angle θ 0 and ratio r e in Section IV were set to be π/6 and 0.65 by experiments. The initial and stop window radii R i and R s were set to be 8 and 2 voxel units, respectively. Then, four window radii were selected which are 8, 6, 4, and 2. In fact, both θ 0 and r e have influence on the window radius distribution. For a window centered at the same place and with fixed radius, a smaller θ 0 or a larger r e means more voxels are excluded from this window. In consequence, the window radius tends to turn smaller, and vice versa. The overall effect is to guarantee most of the voxels inside the window are the effective voxels (belong to the same structure). Therefore, θ 0 and r e values are allowed to vary in reasonable ranges. As shown in Table II , most windows have radii ranging from 2 to 6. Only a few windows' radii are 8. Therefore, it is proper to set the longest window radius to be 8. The shortest radius was set to be 2, because the features extracted from the window, whose radius shorter than 2, are vulnerable to the image noise. Fig. 8 gives an example of the window arrangement. As expected, the windows with longer radii were assigned on the smoother borders. The intersections of the tumor and the normal bladder wall, where complex structures are present, were covered by smaller windows. The windows (appear as disks in 2-D slices) overlapped each other, constructing an irregular band-shaped region around the inner border. The radius of disks Fig. 8(g)-(i) is not limited to 2, 4, 6 , and 8. This is because the corresponding window centers may not be in this slice and therefore the radius of the disk in this slice seems shorter than the window radius.
C. Performance of the Candidates Detection
As described in Section V-A earlier, the candidates were detected by using the two geometry-related features, SI and NWT. The thresholds for each of these two operators are listed in Table III . Since the tumor head and tumor foot have the SI values close to 1.0 and 0.0, respectively, so we set two SI threshold intervals. The lower one was from 0.00 to 0.05 and the higher one from 0.95 to 1.00. The minimum value of NWT was set to be 1.1. The maximum value was open. The windows with the features meet the two criteria simultaneously are chosen as the candidates. The candidates included 223 TP windows and 3139 FP windows as listed in Table II . Totally 3362 candidate windows left after the two operators. Comparing with the original 10 714 windows arranged on the inner borders of the ten datasets, the performance of the two operators was excellent. The 223 TPs indicate 100% coverage of the tumor surfaces by the windows in this step.
As mentioned earlier, previous work has proved that the bladder wall thickening is a clue for detecting the bladder tumors and can be measured by using CT images [15] . However, that work needs to map the bladder wall onto a uniform frame and applies statistical analysis using a large number of datasets. It further assumes that the thickness of normal bladder wall is similar from different subjects. This is an ill assumption in reality. The bladder shape and the wall thickness in our MR image database vary obviously because of the intrinsic variation from patient to patient and the different time points of data scanning. Among the ten datasets used in this paper, the average wall thicknesses vary from 6 to 12 voxels. In other words, the wall thickness varies within each dataset and also varies among different datasets. Despite the latter variation among different datasets, the wall thickening is a sensitive parameter if the bladder walls scanned under different conditions can be normalized and reparameterized on to a uniform framework. That is the reason the bladder wall thickness was normalized to generate the NWT.
However, the NWT brings uncertainties at the tumor foot where the thickness is similar to the normal bladder wall, and where the SI may contribute to the candidate extraction. Fig. 9 illustrates two phantoms, which simulate the bladder wall with tumors. The phantoms have the same resolution with the reformed T 1 -weighted MR datasets used in this study. The plane is the bladder wall. Three protrusions represent tumors on the inner border. From left to right are two ball-shaped tumors with radii 5 and 10 mm, respectively. The third protrusion is an ellipsoid with the axis lengths 5, 10, and 10 mm, respectively, which simulates a flatten tumor. Fig. 9(a) is rendered by the SI value while Fig. 9(b) uses the NWT. It is obviously that the NWT is effective to detect the bigger tumor (the middle one), and very possibly loses the smaller or flatten tumors. The tumor foot region and the normal bladder wall are not distinguishable in Fig. 9(b) . However, the SI has a value close to 0.0 at the tumor foot and 1.0 at the tumor head, which makes the segmentation of the whole tumor surface possible. The color bars in Fig. 9(a)-(b) show the SI and NWT values.
D. Evaluation of the Tumor Window Discriminant Strategy
To evaluate the performance of the features and the discriminant strategy QDA, both the ROC analysis and the free response ROC (fROC) analysis were applied. The ROC curves were used to measure the performance of different feature combinations in classifying the true tumor windows and the FPs. The fROC curve evaluated the overall performance of the tumor surface segmentation.
To generate the ROC, the threshold value t in (9) was used as the sweeping variable. The ROC curve was obtained and the area under the curve (AUC) was computed. Different feature combinations were tested. Table IV lists the results of several typical combinations. The combination in the first row outperformed all the other combinations and, therefore, was used for the following overall performance evaluation. The statistics-, geometry-, and layer-based features were applied separately and their performances are shown in the second, third, and fourth rows, respectively. The statistics-based features contributed the most to the FP reduction, which achieved a noticeable improvement over the former work of relying only on the geometry and wall thickness information. Fig. 10 depicts the ROC curves of different feature combinations.
The fROC was computed and displayed in Fig. 11 by using the feature combination 1. The vertical axis is the percentage of the true tumor surface covered by the detecting windows, 1.0 means the tumor surface labeled by the experts were completely covered by the windows. The FP per dataset is the FP number averaged to one dataset. One FP here means a region that consists of connective FP windows. Generally, we removed the regions smaller than 2 mm that are considered as being generated by image noise [18] - [21] . Fig. 11 shows that 90% of the tumor surface was covered by the windows while 1.6 FPs per dataset were detected by mistake, and 100% surface was covered with 4.4 FPs per dataset. The areas under the windows were also measured. The average FP to TP surface area ratio is 0.38, where the surface area was computed by the inner border or the tumor surface covered by the windows. The lower two rows in Table I show the remaining FP window numbers after the QDA discrimination.
In Table V , more details were provided about the final results. The terms "Tumor D" and "Wall D" indicate the numbers of windows on the tumor and the normal bladder wall, respectively, as detected by our method. The "Tumor L" and "Wall L" show the numbers of tumor and wall windows labeled according to the experts' manual delineation (the ground truth). The percentages 50%, 90%, and 100% in the first column mean the detecting ratio of the true tumor windows. As shown in Table V , all the 223 true tumor windows were correctly detected with 117 (or FPs) out of 10 374 normal wall window being detected as tumor window by mistake. If the detecting ratio lowers to 50%, then almost all FPs were excluded.
Three experts were also asked to score the results. The images were displayed with the remaining detecting windows under the 90% TP sensitivity. The scores mainly reflect how much the remaining windows can help them to find and locate the bladder tumor. In the procedure, the detected portion of the tumor surface was used as the intermediate results for the extraction of the tumor region and the analysis of the tumor features. Since the extraction and analysis operations were performed by the computer instead of the experts, therefore, the expert scores provided here are only used as references. Table VI gives the mean scores from the three experts on the results of the ten datasets. The score spans from 0 to 10. Higher score means better performance. The scores of Table VI prove that the results are well accepted by the experts.
VII. CONCLUSION
This paper proposed an adaptive window-setting scheme to segment the entire bladder tumor surface with acceptable FP numbers. T 1 -weighted MR images were used for that purpose due to its better bladder wall contrast, which provided the textures information for delicate analysis. Our previous coupled level set framework was employed to segment the inner and outer borders of the bladder wall simultaneously. Detecting windows with different radii were arranged on the inner border of the bladder wall. The window radius was adaptive to different bladder wall structures. The candidate windows were selected by using SI and NWT with predefined thresholds on an application-specific range. Statistics-, geometry-and layerbased features were extracted from the candidate windows. The QDA classifier was applied in the feature space to reduce the FP windows. Both ROC and fROC curves were generated to evaluate the performance of the classifier, feature combinations and the detection, and segmentation procedure. This study was tested by ten clinical image datasets including five patients and five volunteers. Throughout the result report and associated discussion in the previous section, it can be observed that the bladder wall thickness and geometry features, such as the SI, are efficient for tumor detection, and the statistics of the in-window features are effective for classifying the tumor surface and the normal bladder wall surface. The layer derivatives add more necessary information for the classification. These features together provide the potential of detecting small and flattening tumors, which are hardly detected by the geometrical features individually. In summary, the results showed the effectiveness of the proposed method in detecting the bladder tumors and segmenting the whole surface of the detected bladder tumors.
In our future work, much effort will be devoted to acquire new clinical datasets from both patients and volunteers. The effectiveness and robustness of the current method need to be tested by more patient datasets including smaller tumors with different types. Based on the segmentation of the entire tumor surface, to further dig out the exact tumor regions inside the bladder wall and extract quantitative parameters from the tumor volume for CAD are under development. To integrate this study into a VCys system, further improvement on the accuracy of the detection and segmentation and the efficiency of computation will be needed and are under progress.
